Introduction
Biomass burning emissions from forest fires, savanna fires, agricultural waste burning and peatland fires have been recognized as a significant source of greenhouse gases (e.g., CO 2 , CH 4 and N 2 O), which significantly impact ecosystem productivity, global atmospheric chemistry and climate change (Andreae and Merlet, 2001; Vadrevu et al., 2014) . Moreover, biomass burning emissions contribute significantly to the budgets of several trace gases and aerosols (Qin and Xie, 2011) and are one of the primary causes of interannual variability in the growth rate of several trace gases, including the greenhouse gases CO 2 and CH 4 (Langenfelds et al., 2002; Duncan et al., 2003) . Furthermore, biomass burning emissions have become an important source of uncertainty in atmospheric transport simulations of trace gases (Bian et al., 2007; Marlier et al., 2013) . Therefore, accurate estimates of CO 2 emissions from biomass burning at both global and continental levels is urgently needed to better understand the interactions between fire and climate.
Studies focusing on the estimates of fire emissions at both global and regional scales are mostly based on the product of the burned area, fuel loads, combustion factors and emission factors over the time and space of interest (van der Werf et al., 2010; Wiedinmyer et al., 2011) . Another approach that has been developed over the past decade is the measurement of fire radiative power (FRP) (Kaiser et al., 2012) . FRP relates directly to the rate of fuel consumption, which is proportional to the fire emissions.
Currently, several biomass burning emissions inventories derived from multiple satellite datasets (e.g., Global Fire Emissions Database (GFED) (van der Werf et al., 2010) , The Global Fire Assimilation System (GFAS) (Kaiser et al., 2012) , the Fire INventory from NCAR (FINN) , the Global Inventory for Chemistry-Climate studies (GICC) ) have been developed and applied in atmospheric circulation simulations. The emission inventories of GFED, FINN and GICC are based on the burned area method but with different input data, whereas GFAS uses the FRP method to provide near real-time biomass burning emissions. In general, the use of different inventories and various methods usually leads to large variations in emissions estimations, which are subject to different inputs as a result of spatial and temporal variations in fire activity, fuel load and seasonality . Moreover, uncertainties in the input data regarding burned area and fuel loads in either the modeling or inversion technique amplify large differences in both the geographical distribution and temporal dynamics of global and regional CO 2 emissions estimates . However, these available emission inventories are still widely used in atmospheric simulations. For example, GFED3 is used as an a priori flux dataset to optimize surface CO 2 flux in inverse modeling by Greenhouse gases Observing SATellite (GOSAT) L4A products (Maksyutov et al., 2013) . GFAS, as a priori emission, is used to optimize CO emissions using observations from the Infrared Atmospheric Sounding Interferometer (Krol et al., 2013) . FINN is employed to predict surface ozone and CO production (Amnuaylojaroen et al., 2014) .
At present, little is known about similarities and differences among inventories, and spatial characteristics and variability at continental and global levels, which all have a large impact on the uncertainties of the climate change simulation and atmospheric chemical transport model. In this study, the currently existing four globally gridded inventories of CO 2 emissions from biomass burning and a new inventory developed in this study are investigated at both global and continental levels. The objective of this paper is to present a comparison of five globally gridded datasets of monthly CO 2 emissions from fire-induced biomass burning for the years 2002e2011. In particular, we aim to highlight similarities and differences in the geographical distribution and variation of emissions at global and continental levels across the three broad land cover types: forest, savanna and cropland.
Data and methods

Global CO 2 emissions
We employ four widely used global inventories of CO 2 emissions from open biomass burning based on remotely sensed burned area/ active fire products (GFED3, GFED4, GFAS1.0, FINN1.0) and a new dataset developed in this study (G-G) (Table 1) .
GFED3
The Global Fire Emissions Database version 3 (GFED3) estimates the spatiotemporal distributions in global fire-induced biomass burning emissions at monthly intervals from July 1996 to February 2012 with 0.5 Â 0.5 spatial resolution (van der Werf et al., 2010) . The emissions of trace gases and aerosols can be expressed as follows:
where BA denotes an important parameter of burned area (m 2 ); F is the available fuel loads (kg dry matter m À2 ); CF is the combustion factor, representing the fraction of available fuels exposed to fires that are actually burned during combustion (À); EF is the emission factor (g kg À1 ), defined as the amount of trace gases emitted per unit of fuel combusted, and i is types of land cover. Burned area estimates were derived from a combination of active fires depicted by MODerate resolution Imaging Spectroradiometer (MODIS), fire observations, and burned area (MODIS) for selected regions. The improved Carnegie-Ames-Stanford-Approach biogeochemical model with the fire process included predicts biomass densities (fuel loads), which are based on satellite-derived information on vegetation characteristics and productivity to estimate carbon outputs through heterotrophic respiration, herbivory and fires. The combustion factor is calculated within the model based on moisture conditions for each fuel type. Finally, emission factors from Andreae and Merlet (2001) are employed to convert the burned biomass into emissions of trace gases and aerosols.
GFED4
The Global Fire Emissions Database version 4 (GFED4) combines satellite information on fire activity and vegetation productivity to estimate globally gridded monthly burned area and fire emissions. Each data file has a 0.25 Â 0.25 spatial resolution, and data from 1995 to the present are available. The most important difference between GFED3 and GFED4 is that GFED4 data are based on burned area with small fires included (Randerson et al., 2012; Giglio et al., 2013) . According to Randerson et al. (2012) and Giglio et al. (2013) , the key differences between the two versions are: (1) the burned area increased substantially due to the addition of "small fire burned area" (pixels that the active fire algorithm indicated as fire occurrence but the burned area algorithm showed as no response), especially in regions dominated by small fires (less than 500 m) based on active fire detections, such as agricultural areas; (2) validation against consumed fuel loads measured in the field resulted in fewer grassland and savanna fuel loads in GFED4.
GFAS1.0
The Global Fire Assimilation System version 1.0 (GFAS1.0) emissions inventory provides daily near real-time fire emission estimates at 0.5 Â 0.5 resolution from 2001 to the present (Kaiser et al., 2012) . GFAS1.0 is based on the assumption that there is a linear relationship between fuel consumption and total emitted fire radiative energy. Wooster et al. (2005) demonstrated a linear relationship between fuel consumption and total emitted fire radiative energy as follows:
where FRE is the fire radiative energy (MJ), FRP is the fire radiative power (MW), t 1 and t 2 are the beginning and ending times of biomass burning, respectively, and b is the associated conversion factor (kg (dry matter) MJ
À1
), and k (g kg À1 ) is the emission factors for each land cover class i. The global FRPs are derived from the MODIS instruments aboard the Terra and Aqua satellite, and corrected for partial cloud-cover and observation gaps. GFAS1.0 emission estimates are calculated using biome-specific conversion factors to link FRP in the GFAS1.0 and dry matter combustion rate in GFED3. The combustion rate of dry matter burned is then linearly . Emissions are based on the bottom-up method and calculated as a function of burned area, available biomass, fraction of biomass burned and emission factors. FINN1.0 uses active fire observation from the MODIS Terra and Aqua satellite to estimate the burned area, which is different from GFAS1.0 to estimate FRP. According to Wiedinmyer et al. (2006) and Al-Saadi et al. (2008) , the burned area is assumed to be 1 km 2 for each fire count identified for most land cover types, but assigned a value of 0.75 km 2 for fires in grassland/savanna. Available fuel loading or biomass for each land cover type in various world regions are assumed to be land cover-specific and allocated based on the study by Hoelzemann et al. (2004) . The fraction of the biomass burned during a fire is assigned as a function of tree cover based on relationships presented by Ito and Penner (2004) and is further described by Wiedinmyer et al. (2006) . The emission factors are derived mainly from Akagi et al. (2011) and partly from Andreae and Merlet (2001).
G-G
The Global Inventory for Chemistry-Climate studies (GICC) provides estimates of the monthly emissions of trace gases (CO 2 , CO, NO x , SO 2 and VOC s ) and particles (black and organic carbon) from biomass burning on an annual basis for the period 1997e2005, and on a decadal basis for the historical period 1900e2000 . For the recent period 1997e2005, emissions of several chemical species from biomass burning are quantified based on satellite products (Global Burnt Area 2000 product, Along Track Scanning Radiometer fire counts), and on the Global Land Cover 2000 (GLC2000) vegetation map. Biomass density and burning efficiency are allocated based on the land cover classification . Here, the GLC2000 vegetation map (Supporting information (SI) Fig. S1 ), provided by the SPOT/VEGETATION space-borne system (Bartholom e and Belward, 2005) , is needed to determine the type of vegetation that is burning when a fire is detected. We quantified the global CO 2 emissions inventory from biomass burning (i.e., G-G) by using the GFED4 global burned areas and GICC inventory parameters (including biomass density, burning efficiency and emission factor of each GLC2000 class). Then, globally gridded monthly CO 2 emissions during 2002e2011 with 0.25 Â 0.25 cells are generated according to the above estimation. The required specific biomass density, burning efficiency and emission factor for each GLC2000 used in this study are indicated in Table 2 . G-G uses the same burned area provided by GFED4; therefore, the difference between the G-G and GFED4 inventory is due to the employed GICC inventory data (biomass density, burning efficiency and emission factors). Likewise, the discrepancy between the G-G and GICC inventory results from using different data on burned areas.
Spatial comparison
Since different datasets have varying spatial resolutions, ranging from 1 km to 0.5 cell, and from daily to monthly temporal resolutions, we resample all five datasets into 0.5 Â 0.5 grids and monthly resolution emissions during 2002e2011 for consistency by using the method of bilinear interpolation. Further analysis on their spatial similarities and differences are conducted at both global and continental levels. Finally, the land cover map from GLC2000 ( Fig. S1 ) is selected to quantify the amount of CO 2 emissions from the biomass burning of each land cover type from 2002 to 2011. The primary GLC2000 entails a variety of land covers, and we categorize them into three broad land cover types (forest, savanna and cropland), as indicated by each ecosystem according to Mieville et al. (2010) (Table 2) .
The five datasets are subsequently compared over the globe and the 14 continental-scale regions discussed by Giglio et al. (2006) to isolate areas of the world with similar seasonal fire patterns (Magi et al., 2012 (Fig. 1) .
We firstly compare maps of annual and total CO 2 emissions over geographical areas. Here, the coefficient of variation (CV), defined as the ratio of the standard deviation to the mean, was introduced to show the extent of variability in relation to the mean emissions of the five datasets.
Since totals may hide compensating effects (Generoso et al., 2003; Stroppiana et al., 2010) , we also analyze the spatial Table 2 Values of biomass density, burning efficiency and emission factors for each GLC2000 class in GICC (Table 2) .
Results and discussion
Spatial patterns and distributions
Spatial distributions of global annual CO 2 emissions with 0.5 grid cells for the years 2002e2011 derived from the five inventories are presented in Fig. 2 , and the annual CO 2 emissions for the 14 continental regions and the globe are summarized in (Fig. 3) . Burned area is the decisive parameter that determines the spatial information of CO 2 emissions across the globe. CO 2 emissions from these three dominant burned regions cover 15%, 52% and 11% of the global annual amounts by consuming 5%, 70% and 2% of the global burned areas during 2002e2011 on average (Table 3, SI Table S1 ).
Although there is substantial similarity and consistency in spatial distributions of CO 2 emissions among the five datasets, significant differences exist at both global and continental levels. Among the five datasets, GFED3, GFED4 and GFAS1.0 relatively agree consistently, but there are large differences also existing for some regions, such as NHSA, BOAS and CEAM. Compared with the other four inventories, FINN1.0 displays significant differences in some regions. Specifically, the CO 2 emissions in SHSA and SEAS of FINN1.0 are higher than in the other four inventories, while in SHAF, NHAF and AUST, the amount of emissions appear to be much lower. In addition, FINN1.0 indicates that SHSA is the largest emitter to the global CO 2 emissions, which differs from the other four inventories, of which SHAF is the largest emitter. Globally, G-G suggests greater emissions than the consistent GFED3, GFED4, and GFAS1.0 estimates. It also gives higher emissions in SHAF and NHAF, but lower emissions in SHSA.
At the global scale, differences can be found in the G-G dataset, which estimates much higher CO 2 emissions than the other datasets due to the high values of biomass density and combustion factors from GICC . In NHAF, SHAF and AUST, the CO 2 emissions of G-G, are double that of the other datasets. However, in EQAS, where peatland prevails, the G-G estimations are significantly underestimated. This is because G-G does not take peatland into consideration during estimation of CO 2 emissions. However, GFED3, GFED4 and GFAS1.0 incorporate the emission characteristics of peatland burning; therefore, they present higher emissions in EQAS. Although the total G-G estimation is higher, it presents spatial patterns similar to GFED3, GFED4 and GFAS1.0. This is because the burned area is derived from the GFED4, which is consistent with the GFED3 burned area, even though some increases are evident. Meanwhile, we compared the values of fuel consumption of G-G by the field measurements from van Leeuwen et al. (2014) . G-G shows lower estimation in broadleaf deciduous forest and larger estimation in other type of fuels (SI Table S2 ). Generally, GFAS1.0 and GFED3 are fairly consistent because GFAS1.0 uses GFED3 as a reference to calculate FRP-to-dry matter conversion factors for estimating the burned biomass (Kaiser et al., 2012) . FINN1.0 assumes that each fire count usually results in a burned area of 0.75 km 2 for identified savanna fire and 1 km 2 for each fire count identified for other land cover fires. Therefore, it usually leads to an overestimation of the burned area and CO 2 emissions in regions dominated by small fires (SEAS, CEAS, CEAM, NHSA, SHSA) and underestimation in areas dominated by large fires (BONA, NHAF, SHAF, AUST).
Spatial variations and correlations
More specifically, we quantify the CO 2 emissions from each continental region across the globe (Table 3) . For all regions, the average of the five inventories reveals that SHAF is the largest contributor to their own total emissions, followed by NHAF. This is consistent with the GFED3, GFED4, GFAS1.0 and G-G inventories. However, exception can be found in FINN1.0, which notes that SHSA is the largest emitter, with SHAF ranking second. Other regions with a large amount of CO 2 emissions appear in SHSA and SEAS, supported by the average values of the five inventories. The CV conveys the extent of variability in relation to the average. Among the 14 regions, the largest CV does not occur in the largest contributor of SHAF (1338.0e4215.1 Tg, CV ¼ 48%), but in the low emission area of MIDE (6.0e32.1 Tg, CV ¼ 83%). The large difference in MIDE is mainly attributable to the fact that GFAS1.0 is clearly overestimated with significantly greater emissions (32.1 Tg year À1 ) compared to the other datasets (6.0e10.6 Tg year À1 ). Other regions with large variability include SEAS (79%) and AUST (68%). This is mainly attributable to the particularly higher estimation in SEAS and lower estimation in AUST by FINN1.0 compared with the other four datasets. The datasets show the best agreement for BOAS (300.6e521.8 Tg, CV ¼ 20%) and SHSA (694.8e1585.7 Tg, CV ¼ 30%), where GFAS1.0 and FINN1.0 provide the highest estimates. However, at the global scale, the CV of the five datasets experiences the smallest value (17%) compared with those in each region, which means that the similarities are better highlighted at the global scale rather than the continental scales. A good agreement in terms of the absolute values in total CO 2 emissions might hide significant differences in the spatial distributions, such as in the case of GFED4 and FINN1.0 in SHAF and SEAS. In both regions, there were differences of approximately 1000 Tg year À1 (relative difference of 58% in SHAF and 118% in SEAS) between the two products, but the total global values from both datasets agreed reasonably well, with only a difference of 238.7 Tg year
À1
. Therefore, we conducted a spatial cross-correlation analysis to explore the spatial correlation among them. The difference in the spatial patterns of annual CO 2 emissions was quantified by correlation analysis, which compared two datasets at a time (Fig. 4) . The statistical significance of all correlation coefficients was assessed using the t-statistic with a significance level of 0.05.
Generally, the coefficient of determination (R 2 ) computed between GFED3 and GFED4 in most regions indicates the greatest correlation among the five datasets. This is because the two datasets use the same method and inputs except for burned area, where GFED4 includes data on areas burned by small fires. More specifically, the correlation in MIDE between GFAS1.0 and each of the other inventories is generally the lowest among all regions with the largest CV from the five inventories discussed above. GFAS1.0 corrects for gaps in the observations, which are mostly due to cloud cover, and filters spurious FRP observations of volcanoes, gas flares and other industrial activity (Kaiser et al., 2012) . There are however some notable exceptions, in the Middle East for example CO 2 emissions from GFAS are extremely larger than those from other inventories, indicating that gas flares may not have been masked out sufficiently in the region (Andela et al., 2013) . Nevertheless, the main effect is attributed to a lower detection threshold of the FRP- based approach than the approach based on burnt area (Kaiser et al., 2012) . In NHAF and SHAF, the greatest correlation is achieved among GFED3, GFED4, GFAS1.0 and G-G (0.6 < R 2 < 0.9, p < 0.05), which denotes that the four datasets achieve unanimous spatial agreement in regions with large emissions, but differences also exist due to the different input data. GFED3, GFED4 and G-G are based on burned area, whereas GFAS1.0 is based on FRP retrievals, which used biome-specific conversion factors to link FRP to GFED3 dry matter burned (Kaiser et al., 2012) . Therefore, even though their methodologies are inherently different due to the different satellite input data, GFAS1.0 and GFED3 are fairly consistent at global scale and in some large emitter regions (e.g., NHAF, SHAF, EQAS, and AUST) (R 2 > 0.6, p < 0.05), but also poorly correlated in most other regions. Due to the higher sensitivity of active fire detection compared to burned area retrievals, GFAS1.0 has the advantage of accounting for smaller fires (the active fire algorithm showed fire occurrence, which cannot be detected by the burned area algorithm), which usually results in substantial differences in emission estimates in regions where agricultural waste burning and other small fires are the dominant fire emissions sources (Andela et al., 2013) . However, the daily real-time GFAS1.0 dataset overlooks fires that burn only between two consecutive satellite observations (Kaiser et al., 2012) . Therefore, in some regions (NHAF, SHAF and EQAS), data from GFAS1.0 are lower than those from GFED3. Meanwhile, quantification of the burned area from small fires overlooked by GFED3 is significantly improved in the newly developed GFED4, which adds the burned area from small fires, especially in regions dominated by agricultural areas (Randerson et al., 2012) . As a result, the annual GFED4 estimate is 636.9 Tg CO 2 year À1 (relative difference of 9%) higher than that of GFED3, with the largest increase in SHAF during 2002e2011. The estimation using the G-G dataset shows significantly larger CO 2 emissions than GFED4, particularly in SHAF. The difference between the two datasets is primarily attributable to the high biomass density and a constant combustion factor for each land cover adopted from the GICC inventory. The G-G overestimation can be seen in NHAF, SHAF and AUST, where relatively low biomass density dominates. While in the high biomass density regions (BONA, NHSA, SHSA, BOAS), G-G showed a trend similar to that of the other datasets. While for FINN1.0, it demonstrates poor spatial correlation with the other four at global scale and in many large emission regions (e.g., NHSA, SHSA, NHAF, SHAF, EQAS, and AUST) (0.0 < R 2 < 0.4, p < 0.05), with the best correlation in SEAS between GFAS1.0 and FINN1.0 (0.7 < R 2 < 0.8, p < 0.05). The explanation for this phenomenon is that FINN1.0 assigns a burned area of 1 km 2 for each fire count identified for most land covers and 0.75 km 2 for savanna.
However, the relationship between fire detections and the area burned is highly uncertain. Such estimation usually results in overestimation of burned area and emissions in regions dominated by small fires (SEAS, CEAS) and underestimation in areas dominated by large fires (NHAF, SHAF, AUST) compared with other global estimates . Overall, the spatial patterns and variations are mainly determined by the burned areas and active fires, but are also constrained by the fuel loads and combustion factors. Among all regions, the best correlation is noticed in AUST between GFED3 and GFED4, with R 2 greater than 0.9 (p < 0.05). At the global level, the maximum R 2 is achieved between GFED3 and GFED4 (R 2 ¼ 0.78, p < 0.05), and between GFED4 and GFAS1.0 (R 2 ¼ 0.71, p < 0.05) (SI Table S3 ). The GFED4 dataset is best correlated with GFED3 and GFAS1.0. The high correlations suggest that similarities are better highlighted at the global scale than some continental scales for these datasets. Meanwhile, FINN1.0 exhibits poor spatial correlation with other datasets as well (0.1 < R 2 < 0.4).
Overall, FINN1.0 shows similar estimation for annual global CO 2 emissions with other datasets, but shows significant differences in the spatial distribution.
CO 2 emissions of each land cover
Then, we quantify and compare the CO 2 emissions among the five inventories in the three broad land cover types: forest, savanna and cropland (Fig. 5, Table 4 ). The average annual CO 2 emissions of savanna burning reached 3366.1 Tg year À1 (48%), followed by the forest and cropland with 2866.7 Tg year À1 (41%) and 772.3 Tg year À1 (11%), respectively. On a global scale, the majority of CO 2 emissions were released from burning of savanna biomes, based on GFED3, GFED4, GFAS1.0 and G-G inventories. This was because most of the fires occurred within the savanna ecosystem that had burned easily, even though the fuel loads were not the highest. Forest with relatively higher fuel loads and biomass density than the other land cover types were the second largest contributor to the total CO 2 emissions. This was mainly attributable to the fewer detected burned areas in forest than savanna (Fig. 3,  Fig. S1 ). CO 2 emissions from cropland account for the smallest proportion among the three broad land cover types, with only 10% of the total emissions. The exception is in FINN1.0, which reported that the largest contributor to the total CO 2 emissions appeared in forest, followed by savanna and cropland, respectively. FINN1.0 estimated larger CO 2 emissions from forest and cropland than from the other four inventories, and presented relatively fewer amounts from savanna. The reason for the inconsistency was because the estimated burned area by FINN1.0 is based on the assumption that each fire count identified in forest usually results in a burned area of 1 km 2 ; while the burned area for fires in grassland/savanna is 0.75 km 2 . However, the fires in African and Australian savanna are relatively large, resulting in considerable underestimation in savanna CO 2 emissions in NHAF, SHAF and AUST compared with the other four consistent datasets. Meantime, G-G estimations surpass the average CO 2 emissions greatly in these three regions. The underestimation in EQAS by G-G compared with GFED4 results from the exclusion of peatland burnings, which consume vast amounts of belowground biomass. Although cropland burning accounts for a small proportion, it is still clear that the CO 2 emissions from cropland in each region vary substantially.
Conclusions
We compared five different datasets of globally gridded monthly CO 2 emissions from biomass burning derived from multiple satellite products at both global and continental levels for the period of 2002e2011. Overall, the five emission datasets are consistent in most continental regions. Annual CO 2 emissions, averaged over the 2002e2011 period, are calculated to range from 6521.3 to 9661.5 Tg year À1 for five inventories. Extensive CO 2 emissions from biomass burning primarily distribute in SHAF, NHAF, SHSA and SEAS, which are supported by the GFED3, GFED4, GFAS1.0 and G-G datasets. The exception, FINN1.0, notes SHSA is the largest contributor to the global total CO 2 emissions, which is different from the other four datasets, with SHAF being the largest emitter. The Coefficient of Variation (CV) in SHSA, NHAF, and SHAF are 30%, 39% and 48%, respectively. Generally, GFED3, GFED4, and GFAS1.0 are fairly consistent at global scale and in some large emitter regions (e.g., NHAF, SHAF, EQAS, and AUST). We also conclude that the majority of CO 2 emissions are released from savanna burnings in general, followed by forest and cropland burnings. The largest differences among the five datasets is mainly attributable to the overestimation of CO 2 emissions by FINN1.0 in SEAS savanna and cropland burning, and underestimation in SHAF savanna and SHSA forest burning compared with their average amounts. In addition, G-G also contributes the differences among the datasets, with great overestimation particularly in NHAF and SHAF. 
